Sleep is a heterogeneous behavioral state comprised of different stages and interspersed with episodes of wakefulness. Sleep/wake states can be monitored in the sleep laboratory by polysomnography (PSG). However, sleep studies are intrusive, laborious and expensive, and are usually performed over a single night. In contrast, wrist-worn activity-tracking devices (actimeters) are inexpensive, unobtrusive, and can be used to estimate sleep and wake patterns over multiple nights. We designed the PennZzz algorithm to estimate sleep and wake from actimetry data. Results obtained by actimetrybased monitoring in 26 subjects were compared to stages of sleep and wakefulness detected by simultaneous polysomnography. We found that our algorithm identifies PSG-defined wake episodes with a high accuracy (336/431 -76% of algorithm wake events correspond to true wakefulness). Furthermore, we find that the algorithm is sensitive enough to detect the majority (258/431 -59%) of true wake episodes occurring after the first NREM1 to NREM2 transition. With correction, algorithm outputs can be used to estimate the total amount of time awake after sleep onset. We further refined this program for application in a high-throughput manner to assess the total amount of sleep, wake, and non-wear during longer recording periods.
Introduction
Sleep is a heterogeneous process comprised of multiple behavioral states including REM, NREM, and wake episodes (Zepelin et al., 2005) . Overnight polysomnography (PSG), the "gold standard" assessment of sleep, requires monitoring of electroencephalogram (EEG), electrooculogram (EOG) and electromyogram (EMG) . The use of in-lab PSG for sleep assessment is limited due to cost, reactivity to sleeping in a novel laboratory environment, and ability to record over a single or small number of nights. In contrast, activity data obtained using wrist-worn accelerometer monitoring (i.e. actimetry) has been used for the past few decades as a proxy measure of sleep (Sadeh, 2011; Meltzer et al., 2012) . Actimetry devices are inexpensive, can be worn unobtrusively on the body, and in addition to an accelerometer, can contain other biosensors such as light, temperature and heart rate monitors. As shown for several research-grade devices, the patterns of activity can be used to infer the subject's sleep/wake state using validated algorithms that have demonstrated good agreement with PSG (Sadeh et al., 1994) . These devices can be worn for several weeks to months, enabling long-term monitoring of activity and sleep patterns in a naturalistic environment.
Activity monitors, also referred to as actigraphs, have traditionally measured movement in a single axis; however, a new type of device utilizes microelectromechanical systems (MEMS) that record changes in acceleration in three axes, and as such, are more sensitive to a wider variety of movements and velocities (te Lindert et al 2013) . For example, the recently introduced GENEActiv Sleep device (Activinsights, Kimbolton, UK) contains sensors to record acceleration, temperature, and light (Zhang et al., 2012; Pavey et al., 2014; Scott et al., 2017) and is less expensive than traditional research grade devices.
While MEMS devices provide more in-depth activity assessment, there is a paucity of validated algorithms for the analysis of patterns of physical activity or sleep/wake states.
We sought to expand accelerometry data analysis by developing an analytical program flexible enough to accurately assess patterns of both activity and sleep. Using
GENEActiv devices, we measured activity patterns and developed PennZzz -an algorithm that can detect: a) sleep within active phase; b) activity during sleep phase (waking events); and c) behavioral states such as light, intermediate and deep sleep. To validate these traits, we correlated detected behavioral states with PSG-assessed sleep stages. We show that our algorithm can be used to assess a number of sleep parameters including the amount of wake after sleep onset, a trait known to be associated with poor sleep quality. Lastly, we applied the algorithm in a high-throughput way to sequentially analyze sleep patterns over multiple days to facilitate downstream analysis of overall sleep trends in a large number of subjects.
Material and Methods

Subjects
The study consisted of two parts, a two-week naturalistic actigraphy portion and a single night polysomnography (PSG) assessment. For the naturalistic portion of the study, two types of subjects were included. 100 participants (ages 10-40) were recruited through the Pennsylvania Longitudinal Study of Parents and Children (PALSPAC) twin registry and through advertising in the Philadelphia metropolitan region. Additionally, patients with a history of affective disorders were recruited from an existing patient registry at the University of Pennsylvania Mood and Anxiety Disorders Program. 26 subjects were included in the PSG study. All procedures were approved by the University of Pennsylvania Institutional Review Board and all subjects provided written informed consent prior to participation in the study.
Actigraphy
All subjects were instructed to wear the GENEActiv device for two consecutive weeks in the naturalistic portion of the study. Subjects in the PSG portion were instructed to wear the device the day before, day of, and day after their sleep center visit. The GENEActiv Sleep device recorded acceleration (g-force), temperature (°C), and light (lux) in 30 datapoints per 1 second (30 Hz). Data were then converted to 1-second epochs using the GENEActiv 2.9 Software (Activinsights, Kimbolton, UK).
Polysomnography
Standard polysomnographic procedures were used to record the EEG, EOG, EMG, and EKG using the Sandman System. Electrode placements of FpZ, CZ, OZ were used according to the International 10/20 system. Two EOG electrodes were placed, positioned 1 cm below and lateral to the outer canthus of the left eye and 1 cm above and 5 lateral to the outer canthus of the right eye. Two surface EMG electrodes were taped onto the chin 2 cm apart. Additional leads were used to measure leg movements and breathing. Two electrodes were taped over the anterior tibialis muscle of each leg to detect leg movements during the night. Flexible Resp-EZ belts were placed around the abdomen and chest to measure breathing-related movements during the night. A nasal cannula was used to detect pressure and an oximeter probe was placed on the finger to measure blood oxygen saturation.
Data Analysis
Acceleration data were transformed into the sum vector magnitude:
which corresponds to the sum of acceleration in three dimensions with gravity subtracted, and is further comprised of the sum of all readings in the designated 1 second epochs. To compare algorithm outputs to corresponding sleep stages, PSG data were generated in 30s epochs, and were then aligned to match algorithm outputs based on the time recorded by the computer. Data were then compared pairwise at each 1s epoch and summed to calculate the correlation between the state determined from actimetry data and the state determined by PSG.
We assessed the relationship between algorithm WAKE scores and true PSG-measured wakefulness in the following 3 ways. 1) we calculated the sensitivity of the algorithm to detect true wake episodes (detection of a true wake episode by both algorithm and PSG),
3) we measured the accuracy of the algorithm (Percentage of total WAKE episodes by algorithm that correspond to a PSG-defined wake episode), and 3) compared the total WAKE amount scored by algorithm to the wake amount scored by PSG. For the sensitivity and accuracy measurements we restricted analysis to the time period after the individual first transitioned out of NREM1 up until wakefulness. This time frame was chosen because computational detection of short wake episodes was error-prone during the beginning NREM1 phase of sleep since limb movements are higher during this stage (data not shown). Therefore, our analysis ignores any WAKE episode detection during the portion of sleep prior to the first transition out of NREM1.
To execute these three analyses we, with computer assistance, aligned and co-plotted algorithm and PSG data, then applied a set of rules to score correlations as follows to score sensitivity and accuracy of wake episodes in sleep as follows: We defined a true wake episode as any single un-interrupted consecutive period of time where the independently scored PSG registered wakefulness. Then, for each instance in which the algorithm registered WAKE, but no PSG data registered wake, the result was scored as a 7 false positive episode. If PSG data registered wake with no WAKE episode registering by algorithm, then the score was false negative. If both PSG and algorithm registered wake at the same instance, then the score was a true wake episode. If multiple algorithm WAKE episodes were scored during one single PSG-defined wake episode, those multiple algorithm WAKE episodes were each counted as "true positive" to calculate accuracy, but were counted as a single true positive to calculate sensitivity. The reciprocal situation of detecting one single algorithm WAKE episode while multiple PSG-defined wake episodes occurred was more rare, but was scored in a similar manner.
A separate measurement method was used to compare the absolute quantification of total time in WAKE scored by actimetry vs. wake by PSG. For this comparison, the total number of minutes scored as WAKE by the algorithm was directly compared to the total minutes of wake scored by PSG.
To perform the weekend trait analysis, data from individuals wearing the GENEActiv for between 10-14 days without more than 4 days of non-wear were selected. Each day was then processed with the PennZzz algorithm and data were exported into .csv formats and imported into Microsoft Excel. Dates were then manually entered by referencing the raw data output from GENEActiv, and the weekday or weekend mean of traits was assessed.
Software development
To train and program an algorithm for GENEActiv data that might detect sleep stages, we initially generated images displaying sleep stages as defined by polysomnography of one subject. Then, we visualized raw outputs for GENEActiv on the same time scale with similarly sized images to examine whether GENEActiv outputs could be correlated to sleep stages. On visual inspection of the figures, we observed that GENEActiv SVM measurements drift when limb movement was low, as for example happens during sleep.
In contrast, TVA values were far more stable during immobility and therefore better predictors of the sleep state. We therefore examined trends using TVA. We examined 2-3 arbitrary TVA thresholds to see if they could differentiate WAKE, LIGHT SLEEP, and DEEP SLEEP stages. Threshold values were deemed useful if they divided behavioral states that correlated well with those states determined polysomnographically. We performed further algorithm training on the data obtained from three additional subjects. 
Results:
All subjects were instructed to wear the GENEActiv device for two consecutive weeks. A separate set of subjects in the PSG portion of the study were instructed to wear the GENEActiv device the day before, day of, and day after their sleep center visit. The
GENEActiv Sleep device recorded acceleration (g-force), temperature (°C), and light (lux) in 30 datapoints per 1 second (30 Hz). These recorded data were downloaded from devices using GENEActiv software (Activinsights Ltd., Kimbolton, UK) and exported into a comma separated value (csv) file in 1 second epochs for analysis by the PennZzz software. Figure 1 displays the three data outputs from GENEActiv device.
The sum vector magnitude (SVM) values, calculated based on each of the three dimensional accelerometer axes (see Material and Methods), are generally lower during sleep than during WAKE, yet at some points indistinguishable from SVM values during WAKE ( Fig. 1) , at times when the subject was awake yet not moving. We therefore examined whether the variance of SVM values in a 121-second moving window, the tempovascillitory activity (TVA; Fig. 1 ) may better differentiate sleep and behavioral inactivity during wakefulness.
We observed that the log distribution of TVA values for SLEEP-WAKE was more useful for distinguishing behavioral states as data largely distributes into a relatively clear 9 distribution with at least two modes (bimodal) (Fig 1) . When confirmed by quantitative comparison we observed log-transformed TVA values were significantly higher during wakefulness than during sleep states, indicating a higher level of variability in movement during waking (Fig. 1) 3a) . We manually chose two thresholds ( Fig. 3b-c) , which determined the points above and below which WAKE and SLEEP were probable, respectively. These original thresholds were chosen by visually comparing the SLEEP/WAKE status of a single subject (unpublished data). We then designed the program to choose the threshold below which sleep is considered INTERMEDIATE, and a second threshold, below which sleep is considered DEEP, by finding the local maximum in log(TVA) data corresponding to sleep. Simple visual comparison of PennZzz outputs with PSG recorded sleep stages suggested that PennZzz can accurately identify waking epochs and, in addition, can stratify sleep into DEEP SLEEP and LIGHT SLEEP. (Fig. 3d) .
We compared PennZzz-defined behavioral states to PSG-defined sleep stages. Figure 4 shows the probability of classifying each sleep stage correctly using PennZzz. High levels of wake after sleep onset (WASO) are believed to be disruptive to sleep; therefore, the ability to quantify WASO accurately could be useful in assessment of sleep quality. We examined whether PennZzz can estimate the timing and amount of WASO.
We aligned the sleep stages assessed by PSG to Algorithm behavioral state scores for each subject (Fig. 5a) , and then assessed how often PSG and Algorithm behavioral state scores agreed on whether subjects were in a wake episode (see Material and Methods) (Fig. 5b) by manually counting episodes that occurred after the first onset of sleep. We found that, after accounting for false positives and false negatives, the algorithm was able to correctly identify 59% of all wake episodes scored by PSG. Without counting false negatives, 76% of all episodes defined as Algorithm behavioral state WAKE correlated to a true wake episode on PSG showing relatively high accuracy (Fig. 5b) . Overall, these results show that the program correctly identifies the majority of true waking events during sleep. We next analyzed actimetry patterns to quantify the total amount of time that the algorithm scored as WAKE, beginning at the time of lights-off recorded on the PSG, and compared this to PSG time scored as awake. There was a linear relationship between the PSG vs. Algorithm behavioral state scored wakefulness with an R 2 val.=0.5 (Fig. 5c) . In general, these data show that the algorithm overestimates the total time spent awake per episode ( Fig. 5c-d ), but that values can be corrected by linear regression analysis (equation displayed in Fig. 5c ) to be closer to a true value. Lastly, we compared the rate of concordance at each instant as to whether the actimetry-based algorithm and PSG generally agreed on the status of being awake or asleep, and found that for the first 5 hours after lights-out, the agreement rate is 95.4% (Fig. 5e ).
The PennZzz analyses described above compared activity-based and PSG-detected traits only at night. In order to facilitate the PennZzz analysis of activity and sleep patterns over the 24-hour day (or several days), we used the algorithm to identify the main sleep episode. Specifically, we identified the first instant at which the next 3 hour span of time was scored as 70% sleep and the time point at which 70% of the next 2 hour span corresponds to wakefulness. Thus, the PennZzz analysis of actimetry traits can robustly identify typical consolidated rest periods for most of the subjects in this sample (Fig. 6 ).
Finally, in order to differentiate DEEP SLEEP, marked by low TVA, from "NON-WEAR" we combined the actimetry data with temperature recordings collected by the GENEActiv, reasoning that a more uniform environment, i.e. cooler and more stable temperatures would indicate that devices are not worn. We observed changes in absolute temperature and also calculated variance (or oscillations) in 181s window time periods throughout the day to identify homothermic states. Initially, we scored as NON-WEAR all windows when temperature fell below 24°C (Fig. 6 ). Moreover, a comparison between actimetry and removals recorded on the sleep diary showed that these states are marked by a less variable homothermic phase, i.e. low tempovascillitory temperature (TVT) (Fig. 7a) . In order to further confirm this in field data, we also examined temperature and TVT values for individuals for whom we had PSG data by examining the temperature in the controlled environment of the sleep lab. We found that NREM3, NREM2, and REM registered as having both higher absolute temperatures and more stable temperature compared to wakefulness (Fig. 7b-c) . Thus, our algorithm is reliable in identifying instances of NON-WEAR by a combination of detecting temperature stability and absolute temperature. In some cases this method is sensitive enough to detect NON-WEAR just before or after the main rest episode. Somewhat unexpectedly, we observed that temperature homothermic states and the absolute temperature measured by devices are also elevated during sleep.
Discussion
Our study describes the development and validation of an algorithm for the analysis of sleep and wake traits based on tri-axial actimetry data collected using GENEActiv Sleep, a research-grade wrist-worn accelerometer. By combining patterns of movement with temperature, the PennZzz algorithm can detect with reasonable accuracy: a) sleep within the active phase; b) activity during the sleep phase (waking events); and c) behavioral states such as LIGHT, INTERMEDIATE and DEEP SLEEP.
The PennZzz algorithm takes a unique approach to estimating SLEEP and WAKE by computing second-by-second variability in movement, in contrast to prior algorithms that have largely used a weighted moving window that estimates SLEEP and WAKE by examining the activity level in a given epoch as well as several of the preceding and following epochs (Cole et al., 1992) . While other methods have been proposed, most rely on the absolute activity level in each epoch. This is the first algorithm, to our knowledge, that uses variation in activity over time to aid in distinguishing behavioral states.
Our PennZzz algorithm can distinguish different behavioral states within sleep. We call the algorithm states we used to describe sleep either LIGHT, DEEP, or INTERMEDIATE, which are each characterized by different patterns of variation in activity. It is tempting to identify these labels with traditional PSG-defined sleep stages.
Indeed, we find that REM sleep, correlates to our LIGHT SLEEP state. However, the comparison with PSG shows that there is not a high correspondence between these behavioral states and sleep stages. Future algorithm refinement may lead to greater ability to differentiate NREM from REM sleep using actimetry data.
In recent years, there has been an explosion in commercially available actimetry devices that are marketed to consumers, mainly to monitor activity, but also to measure sleep quality and sleep amount (Wright et al., 2017) . There is tremendous interest in the value that these devices might have for conducting research studies. Like the present algorithm, the proprietary software outputs of these devices stratify sleep into arbitrary assigned states based on the measurement of movement, often giving these states names like "light, deep, restful," etc. However, device manufacturers rarely share details of the 13 algorithms used to identify behavioral states, nor do they make raw data available, making it difficult to evaluate the validity of manufacturer claims. For the time being, researchers will need to rely on devices such as the GENEActiv.
This study provides a description and initial validation of the PennZzz algorithm, but there is much more work to be done. There is a need to validate the algorithm in independent samples with a range of sleep patterns. The sample in this study consisted of generally healthy good sleepers. A weakness of prior algorithms is that they have lower agreement with PSG in individuals with insomnia (Lichstein et al., 2006) . This is likely due to the fact that individuals with insomnia lie in bed still but awake and this inactivity is scored as sleep. Future studies are needed to examine the utility of this algorithm in poor sleepers to see whether it suffers from the same limitations or if the higher resolution, tri-axial data are more sensitive to fine movements that would identify these periods of quiet wakefulness. This study was also limited in sample size, so the collection of additional data will help with future validation. Finally, this study only collected PSG data during the night so it was not possible to validate estimates of sleep and wake during daytime hours. A successful algorithm needs to be able to accurately differentiate wake and sleep at all times of day and night.
Going forward, our tool will be useful for investigators that have collected GENEActiv data in assessing WASO, daily activity patterns, and temperature characteristics during sleep and wake. With further refinement, the PennZzz algorithm will likely be applicable to data collected with other MEMS-type actimeters. Actimetry has proven to be useful for both research and clinical purposes, and a new generation of devices and scoring algorithms will likely expand the accuracy and range of uses in the future. 
